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Table 3 Detailed values of cross entropy loss and accuracy variations with the numbers of iterations

EESANVC PUE SRR PlER ST I i A IS U R

0 0.359 529 1.871 099 0.372 437 1.878 568
500 0.837 130 0.389 856 0.845 672 0.374 149
1000 0.854 404 0.358 669 0.865 034 0.353 351
1500 0.856 492 0.353 220 0.866 173 0.349 039
2000 0.856 492 0.348 695 0.866 743 0.345 399
2500 0.857 441 0.344 320 0.869 021 0.343 115
3000 0.860 099 0.343 930 0.863 326 0.346 081
3500 0.862 566 0.338 425 0.867 882 0.340 953
4000 0.862 756 0.335 308 0.865 604 0.339 064
4500 0.864 275 0.330 371 0.865 034 0.336 362
5000 0.863 895 0.327 997 0.865 034 0.338 261
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Table 4 Detailed values of cross entropy loss and accuracy variations with the numbers of iterations
AU IR R YIZRGEAE U 22 I 3RCAE A % WA A2 S R
0 0.208 100 10.912 581 0.204 566 10.967 226
500 0.947 350 0.221 916 0.944 301 0.225 462
1000 0.964 400 0.154 114 0.961 978 0.159 136
1500 0.970 300 0.126 612 0.967 962 0.132 265
2000 0.972 550 0.111 444 0.971 276 0.116 983
2500 0.974 900 0.101 415 0.973 209 0.106 645
3000 0.975 700 0.093 852 0.974 406 0.098 821
3500 0.976 250 0.087 857 0.975 143 0.092 671
4000 0.977 200 0.082 917 0.976 155 0.087 609
4500 0.978 450 0.078 798 0.978 089 0.083 401
5000 0.979 900 0.075 302 0.979 101 0.079 816
(2) BINTSMOTE&E X, BFY 77 AT & (3) HUETMA IR RIS RO BT /A=< ] 86.50%
BE, QT RTEEN G EEIESE. RSZE97.91%.,
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Application of SMOTE Data Preprocessing Algorithm in Defect Prediction
of Complex Castings in Sand Casting
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Abstract:

In view of the problems that the data amount of defects such as cold shut, blowhole, sand inclusion and
shrinkage was seriously imbalance, and the accuracy of defect prediction model of complex casting was not
high in the technological data of complex steering bridge casting collected during actual production processes,
combined with the actual operating conditions of sand casting, the SMOTE (Synthetic Minority Oversampling
Technique) data preprocessing algorithm was introduced to investigate its application in the defect predictions
of complex castings manufactured by using of sand casting. According to the characteristics of the collected
imbalance data set of complex castings, SMOTE data preprocessing algorithm was used to expand the
imbalance data set scientifically and create a balance data set that can be used to train the defect prediction
models of complex castings. The accuracies of the model predictions before and after data preprocessing
increased from 86.50% to 97.91%.

Key words:
steering bridge casting; sand casting; imbalance data set; data preprocessing; SMOTE algorithm; defect
prediction
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